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Collaborative tagging has become a very popular way of annotation, thanks to the fact that 
any entity may be labeled by any individual based on his own reason. In this paper we present 
the results of the case study carried out on the basis of data gathered at different time inter-
vals from the social tagging system developed and implemented on Întelepciune.ro. Analyzing 
collective data referring to the way in which community members associate different tags, we 
have observed that between tags, links are formed which become increasingly stable with the 
passing of time. Following the application of methodology specific to network analysis, we 
have managed to extract information referring to tag popularity, their influence within the 
network and the degree to which a tag depends upon another. As such, we have succeeded in 
determining different semantic structures within the collective tagging system and see their 
evolution at different stages in time. Furthermore, we have pictured the way in which tag rec-
ommendations can be executed and that they can be integrated within recommendation sys-
tems. Thus, we will be able to identify experts and trustworthy content based on different cat-
egories of interest. 
Keywords: Tags, Collaborative tagging, Network Analysis, Tag Recommendation, Collective 
Intelligence 
 
Introduction 
Collaborative tagging has become a very 
popular method of online resource annotation 
within Web 2.0. Due to this fact, an increas-
ing preoccupation towards collaborative tag-
ging has arisen within the academic commu-
nity [3, 5, 15, 16]. This is defined as being 
the process through which several users add 
metadata in the form of keywords to the con-
tent they are publishing or saving. Thus, us-
ers can attribute tags to photos, clips, sites, 
books, e-mails, people or basically any entity 
that  can  produce  meaning  as  they  please. 
Thanks to the ability to collect data from us-
ers,  collaborative  tagging  systems,  in  Wu’s 
vision [14] have the potential to become an 
infrastructure tech in  support of knowledge 
management activities in any organization or 
society, thus becoming a challenge for the re-
searchers in its field. 
The present paper constitutes a sequel to the 
research presented in [11]. In the aforemen-
tioned study, it has been observed that fol-
lowing the analysis of collective data regard-
ing  the manner in  which community mem-
bers associate different tags that connections 
form between tags. In the following we will 
look into the extent to which tag connections 
are maintained and become more stable with 
time.  In  accomplishing  this  goal  we  have 
composed a case study using data gathered at 
different time intervals from the social tag-
ging system developed and implemented on 
Întelepciune.ro. 
In further study, we will represent tags and 
the connections between them in the form of 
a graph and will apply the specific methodol-
ogy for network analysis. This will be done 
in  order  to  extract  information  referring  to 
the way in which users attribute tags and give 
birth to different semantic structures within 
the collaborative tagging network. In this re-
spect,  we will study different tag  attributes 
such as centrality, market share and market 
share by centrality. These attributes help us 
identify and gain a global view on tag popu-
larity, their influence within the network and 
the extent to which a tag depends upon an-
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other. Moreover, we will also study the evo-
lution of these attributes at different stages in 
time. Also within this study we will analyze 
the opportunity of offering a contextual di-
mension to recommender systems by means 
of tags. Thus we have simulated for exempli-
fication five recommendations for four of the 
most popular tags extracted from the experi-
ment.  The  lists  of  recommendations  were 
made based on data produced as a result of 
applying  the  three  presented  formulas  for 
calculating similarities. 
Below, the study is structured as follows: in 
Chapter 2 will treat theoretical aspects refer-
ring  to  collaborative  tagging  systems.  In 
chapter 3 we present the case study’s details 
and in the end we will lay out the conclu-
sions. 
 
2 Collaborative Tagging Systems 
“Folksonomy” is a term derived from joining 
the words “folk” and “taxonomy” and is used 
to describe the social phenomenon of classi-
fication [3, 14, 15]. Collaborative tagging be-
came popular in the same time as sites such 
as Flickr, del.icio.us or Technorati which im-
plemented this concept. They allow tagging 
different  resources,  photos,  web  pages  or 
blog  posts  with  a  set  of  key-words,  called 
tags, chosen freely by each individual user. 
Collaborative tagging can be described as the 
process through which users add metadata in 
the form of key-words to the content they are 
publishing  or  saving.  Collaborative  annota-
tion by means of tags [15] allows for a per-
sonalized description of the content and rep-
resents  a good indicator of users’ interests. 
Classification by means of tags is done on-
the-spot  and  spontaneously,  it  is  user-
centered and can be shared with the commu-
nity.  Tags  can  also  be  defined  as  data  at-
tached to an object (metadata). Collaborative 
tagging  [13]  is  placed  between  the  area  of 
traditional representation methods and that of 
information retrieval (IR), being part of the 
new  generation  of  technologies  used  in  re-
trieving,  representing  and  producing  infor-
mation. 
The main advantages and characteristics [6] 
of  collaborative  social  tagging  systems  are 
described as follows: 
  the resource can be tagged with a multi-
tude of key-words; 
  users  may  use  their  own  words  to  give 
meaning to the tagged resource; 
  tags  can  be  shared  to  create  knowledge 
through aggregation; 
  enable  the  development  of  communities 
based on similar interests; 
  users can quickly and easily tag resources 
without  the  need  of  prior  knowledge  of 
classification or indexation. 
In  the  conceptual  model  for  social  tagging 
systems  presented  by  Marlow  [9],  tags  are 
considered  links  between  users  and  re-
sources, and based on those links connections 
between  resources  and  between  users  are 
formed. Links can be deduced by represent-
ing data as a social network and analyzing its 
structure  towards  identifying  resource  and 
user  communities  respectively.  Users  who 
employ the same tags in tagging a resource 
can be classified in a single community with-
in the network. As such, we can claim that 
tags can identify an explicit connection be-
tween  resources  through  the  users  who  tag 
them  and  between  users  through  the  re-
sources that they tag.  
Peters  [13]  develops  and extends Marlow’s 
theories so that if the resources are labeled 
with  the  same  tag  they  form  a  thematic 
group. These form  a bibliographic group if 
they are labeled with the same tag or by the 
same user. If users apply the same tag, they 
are tied to a thematic group and if they de-
scribe the same resource they become part of 
the  same  bibliographic  group.  In  Figure  1, 
which is a sum of Marlow and Peter’s theo-
ries, document 1 and document 2 are linked 
both thematically and bibliographically, due 
to the fact that they are labeled with the tag 1. 
Users 1 and 2 are linked thematically due to 
the fact  that they have  labeled  document 2 
with tag 1. Users 1, 2 and 3 form a biblio-
graphic group due to the fact that they de-
scribed the same resource: document. 
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Fig. 1. The conceptual model of a collaborative tagging system 
 
Based on the tripartite document, composed 
of resources, tags and users presented in Fig-
ure 1, we can extract three networks which 
can be shaped using the graphs theory [13]. 
Therefore, we can extract a network made up 
of  resources  which  are  linked  together  by 
tags,  one  composed  of  users  connected  via 
tags and one comprised of resources and us-
ers.  In the  case of the  latter, nodes can be 
represented  by  resources  as  well  as  users. 
The purpose of analyzing these types of net-
works can be that of creating clusters of re-
sources  and  users  towards  creating  recom-
mender systems. 
Collaborative  tagging  generates  a  mass  of 
valuable  information  [6]  regarding  the  tags 
used,  the  tagged  resources  and  the  people 
that tag them. Thusly: 
  information  regarding  tags  will  indicate 
the terms which are useful to users, new 
terms for existing concepts and new con-
cepts  conjunctively  with  the  associated 
terms; 
  information  regarding  the  tagged  re-
sources  will  highlight  the  resources 
deemed valuable by users thanks to  their 
labeling, therefore becoming of interest; 
  information  regarding  users  who  tag  re-
sources  will  point  to  the  tags  and  re-
sources which a person has used in creat-
ing  a  profile  that  contains  that  person’s 
preferences. 
For storing data referring to the tags associat-
ed by users to a resource, three approaches 
have  stood  out  [7],  [8].  These  are: 
MySQLicious, Scuttle and Toxi, all of which 
are highlighted in Figure 2. The schematic of 
the database for the MySQLicious approach 
contains  only  one  table,  which  is  de-
normalized. Tags are stored in a single field, 
delimited by space, presuming that each tag 
is composed of only one term. 
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Fig. 2. Existing approaches towards collaborative tagging 
 
The schematic for the database of the Scuttle 
approach contains the resources and the tags 
tables. The advantage of this approach above 
the former is that a resource can be assigned 
a tag that is composed of multiple terms. The 
third  approach  is  the  Toxi  and  it  contains 
three normalized tables: resources, tags and 
resources_tags.  The  Toxi  approach  has  an 
advantage over the first two thanks to the fact 
that  tags  are  stored  only  once,  making  it 
much more scalable. 
In  our  opinion,  the  greatest  issue  with  the 
above approaches is that they contain no in-
formation  regarding  the  users  who  tag  re-
sources.  As  we  can  observe  in  Figure  1,  a 
collaborative  tagging  system’s  conceptual 
model contains three entities: resources, tags 
and users. From this point of view, we con-
sider the presence of a model which can store 
information  regarding  users  who  tag  re-
sources to be highly suitable. This model can 
be observed in Figure 3. If building a person-
alized recommender system for recommend-
ing  resources,  tags  or  users  is  desired,  we 
suggest this approach. 
 
 
Fig. 3. The approach that stores resources, tags and users 
 
Collaborative  tagging  systems,  due  to  their 
social  characteristic  and  the  fact  that  users 
can label  resources  without using a limited 
vocabulary, may be employed in search en-
gines, reputation systems, indexing, storing, 
personalizing and data mining systems. Tak-
ing  into  account  user-specific  data,  infor-
mation retrieval systems and search engines 
may extend their functionality by understand-
ing the user’s intent. Once a search is execut-
ed, they  can produce  a  personalized  search 
[15], which is one of the most promising di-
rections  the  traditional  search  paradigm  is 
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3 Case Study 
In order to analyze the usage patterns and the 
dynamics of connections between tags within 
collaborative tagging systems, we have con-
ducted a case study using data collected from 
the collaborative tagging system implement-
ed on intelepciune.ro. This offers data refer-
ring to the way users label text by means of 
tags,  allowing  for  the  extraction  of  prefer-
ences, connections and their popularity. The 
purpose of this case study was studying the 
opportunity to develop and offer a new con-
textual dimension, by means of tags, to the 
WSNRS system [10]. With the help of tags, 
by adding context, we aim to add a new di-
mension  to  recommended  resources,  users 
and groups of interest. In the following we 
will describe the collaborative tagging con-
text, the degree of knowledge and will detail 
the completed experiment.  
 
3.1  The  Context  of  the  Case  Study  and 
State of the Art 
Following the analysis of an object we can 
see  that  it  may  hold  different  meanings  to 
different people. Because of this, it is very 
important that each user have the possibility 
of tagging and classifying by their own rea-
soning the desired objects. It is well known 
that an object can be  characterized through 
multiple attributes,  and  each user will rank 
the attributes by which they will identify an 
object differently. We can exemplify by us-
ing Mr. Smith and the connections that dif-
ferent people have with him. Mr. Smith will 
be  labeled  by  an  employee  as  boss  or  co-
worker, by his wife as husband, by his neph-
ews as uncle and so on. We see that every 
person he interacts with gives one or more 
labels to classify Mr. Smith. The same hap-
pens in a collaborative tagging system. Each 
person perceives objects differently and clas-
sifies  them  depending  on  the  degree  of 
knowledge  or  by  diverse  personal  motiva-
tions [11]. 
An essential element in collaborative tagging 
is  identifying  the  existing  connections  be-
tween tags, users, objects and their evolution 
in time. These connections may vary in time, 
in longer or shorter intervals. For example, 
the employees who tag Mr. Smith as “boss” 
could only end up being his employees for a 
limited amount of time, unlike his nephews. 
Also,  the  number  of  connections  that  exist 
between entities, as well as their evolution in 
time need to be taken into consideration. The 
frequency  with  which  certain  connections 
appear between tags can be used in calculat-
ing similarities which may be used to antici-
pate certain user behaviors.  
Adding tags is an increasingly used practice 
for organizing content and searching it easily. 
An  increasing  number  of  web  applications 
have  successfully  implemented  systems 
which allow collaborative tagging and offer 
users the possibility of attaching tags freely 
to  content.  A  brief  glance  at  context  and 
knowledge  reveals  the  fact  that  a  series  of 
relevant papers and researches have already 
appeared. Halpin [5] used data from the so-
cial bookmarking site del.icio.us to examine 
the  dynamics  of  collaborative  tagging  sys-
tems.  By  analyzing  the  distribution  of  the 
most commonly encountered tags it has been 
shown how the significance of certain tags is 
defined by their relation to other tags. From 
this was born a generative model for collec-
tive tagging which helps in understanding the 
dynamics  behind  the  tagging  phenomenon 
and the way in which a stable distribution, 
based on a law of strength between tags may 
be created. 
The  TBCF  algorithm  put  forward  by  Zhao 
[16] aim to represent a new approach in col-
laborative filtering based on the semantic dis-
tance between tags used by different users to 
enhance the efficiency of neighbor selection. 
Experimental results have shown that TBCF 
brings significant improvements to the tradi-
tional method of recommendation based on 
the cosines. The structure of the del.icio.us 
collaborative  tagging  system  has  been  ana-
lyzed by Golder [3] to discover irregularities 
in user activities, tag frequency, the types of 
tags  used,  increases  in  popularity  and  their 
stability towards a certain URL. A dynamic 
collaborative tagging model which offers the 
possibility of predicting stable models based 
on common knowledge is also presented. Xu 
[15]  suggested  an  automated  rating  frame-104    Informatica Economică vol. 17, no. 1/2013 
 
work  based  on  the  folksonomies  derived 
from  del.icio.us  and  Dogear.  Experimenta-
tion has shown it to be capable of improving 
search quality significantly.  
 
3.2 Experiment Description 
Taking  into  account  the  many  challenges 
presented  by  collaborative  tagging  systems, 
we have built and implemented such a sys-
tem to Întelepciune.ro. The implemented sys-
tem allows any registered user to publish and 
label content with up to five tags. The system 
also  offers  the  possibility  of  extracting  in-
formation  regarding  the  members  of  the 
community, their preferences on certain sub-
jects of interest   and  the  manner  in 
which  they  associate  tags  to  the  published 
content. One of the collected data analysis’ 
goals  was  to  observe  tag  dynamics  and  if 
connections  between tags  become apparent, 
as well as their stability in time. 
The data within the system were collected in 
two  separate  time  intervals,  following  the 
first and the second year of implementation. 
According to  the  collected data, the imple-
mented  system  was  used  in  the  tagging  of 
5.374 resources with a total 11.223 tags, of 
which 3.924 were unique. Based on system 
usage statistics, it is shown that 81.73% of 
users used at least one tag to label the pub-
lished resources.  
In order to discover the tags which are most 
frequently used together in tagging the same 
resource and the similarities between them, 
we have conducted an experiment using the 
collected data. We extracted the first 50 tags 
in order of popularity from the collaborative 
tagging system. In order to establish the max-
imum number of connections that can exist 
between  two  tags,  we  calculated  combina-
tions of 50, taken in pairs. As such, we gen-
erated a set of 1225 possible connections be-
tween the 50 tags and analyzed the frequency 
with which they were associated by users in 
published texts. Users could attach up to 5 
tags to a text and the processed data were ex-
tracted on all five positions. The point was 
not to discover if 5 tags can appear together 
in  the  labeling  of a text, but  the frequency 
with which two tags are used together to la-
bel the same text. 
The experiment had two phases. In the first, 
the data collected within a year was analyzed 
and in the second the data collected after two 
years.  Initially,  following  the  quantification 
of  the  frequency  with  which  these  connec-
tions appear in text labeling we observed that 
of 1225 possible connections, 218 material-
ized,  of  which  only  93  with  a  frequency 
greater than 2. In the second phase, 358 con-
nections materialized, 203 having a frequen-
cy greater than 2 and 125 greater than 3.  
In  order  to  measure  the  similarity  between 
two tags, we used three formulas for measur-
ing  the  degree  of  correlation  between  two 
pairs of tags. The first formula calculates the 
similitude between two    and    tags thusly:  
 
                    
        
              
 
 
In the above formula,          represents the 
frequency with which the two tags have been 
jointly  used  to  label  the  same  text,  and 
                represents  the  greatest  fre-
quency with which two tags have been joint-
ly used to label a text. As such, we have pro-
duced values between [0, 1] for the existing 
values. The strongest connection will always 
have the value 1, and in case there is no con-
nection  between  two  tags,  it  will  have  the 
value 0. The closer a connection’s value is to 
1, the stronger it is. 
The  second  formula  is  represented  by  the 
support used in data mining to generate asso-
ciation rules. An association rule’s support  is 
defined as being a fraction of a transaction 
that satisfies the union of items from a rule’s 
antecedent  and  consequence.  The  support 
function adapted for our case is:  
                   
        
   
 
 
In the above formula we have             
    for an association rule between two tags, 
   and   , which is calculated as a report be-
tween         , which represents the frequen-
cy with which the two tags have been jointly 
used in tagging the same text and    , which Informatica Economică vol. 17, no. 1/2013    105 
 
represents  the total  number of text labelled 
with tags.  
The third function measures cosine distance 
[5] that captures the extent tags’ joint appear-
ance and which can be interpreted as a metric 
of similarity. These are calculated by using 
the formula: 
                
        
              
 
 
In the above formula,               represents 
the  similarity  between      and    .         and 
       respectively,  represent  the  frequency 
with which each of these tags have been used 
in labeling texts, and          represents the 
frequency with which the two tags have been 
jointly  used  to  label  the  same  text.
 
Table 1. Similarities between tags and their evolution between the two phases 
   
                                                   
Tag A  Tag B  Ph.1  Ph. 2  Evol.  Phase 1  Phase 2  Evol.  Ph. 1  Ph. 2  Ev. 
love  affection  1  1  0  0.01071  0.01303  0.00232  0.136  0.161  0.025 
love  miss  0.61  0.77  0.16  0.00652  0.01005  0.00353  0.151  0.192  0.041 
affection  miss  0.30  0.49  0.19  0.00326  0.00633  0.00307  0.081  0.131  0.050 
miss  thoughts  0.30  0.33  0.03  0.00326  0.00428  0.00102  0.147  0.168  0.021 
love  hope  0.43  0.3  -0.13  0.00466  0.00391  -0.00075  0.123  0.104  -0.019 
love  pain  0.26  0.27  0.01  0.00279  0.00354  0.00075  0.089  0.094  0.005 
love  desire  0.57  0.27  -0.30  0.00605  0.00354  -0.00251  0.189  0.114  -0.075 
love  life  0.30  0.24  -0.06  0.00326  0.00316  -0.00010  0.036  0.041  0.005 
love  dream  0.22  0.21  -0.01  0.00233  0.00279  0.00046  0.071  0.074  0.003 
love  happiness  0.22  0.21  -0.01  0.00233  0.00279  0.00046  0.072  0.082  0.010 
life  death  0.35  0.21  -0.14  0.00372  0.00279  -0.00093  0.081  0.086  0.005 
affection  desire  0.22  0.20  -0.02  0.00233  0.00261  0.00028  0.078  0.092  0.014 
life  hope  0.22  0.19  -0.03  0.00233  0.00242  0.00009  0.058  0.074  0.016 
love  sadness  0.17  0.17  0  0.00186  0.00223  0.00037  0.042  0.053  0.011 
thoughts  dreams  0.26  0.17  -0.09  0.00279  0.00223  -0.00056  0.240  0.177  -0.063 
affection  life  0.26  0.16  -0.10  0.00279  0.00205  -0.00074  0.033  0.029  -0.004 
thoughts  soul  0.35  0.16  -0.19  0.00372  0.00205  -0.00167  0.176  0.100  -0.076 
love  autumn  0.13  0.14  0.01  0.00140  0.00186  0.00046  0.043  0.060  0.017 
love  suffering  0.17  0.14  -0.03  0.00186  0.00186  0  0.074  0.065  -0.009 
life  time  0.14  0.14  0  0.00186  0.00186  0  0.072  0.072  0 
miss  memories  0.14  0.14  0  0.00186  0.00186  0  0.103  0.103  0 
affection  dream  0.13  0.13  0  0.00167  0.00167  0  0.048  0.048  0 
affection  friendship  0.13  0.13  0  0.00167  0.00167  0  0.059  0.059  0 
miss  dreams  0.13  0.13  0  0.00167  0.00167  0  0.108  0.108  0 
love  soul  0.11  0.11  0  0.00149  0.00149  0  0.035  0.035  0 
 
The  results  gathered  following  the  applica-
tion  of  the  three  formulas  to  the  two  time 
spans, as well as the evolution between them 
can be observed in Table 1. The connections 
are  ranked  by  degree  of                   , 
calculated on the basis of data extracted in 
phase 2. 
By observing the data in Table 1, we can af-
firm that the connections that form between 
tags generally maintain their stability in time. 
This was deducted considering that the value 
of the evolution is insignificant compared to 
the values of similitude resulted in the two 
phases of analysis. Still, we must take into 
account the fact that there are certain excep-
tions  from  this  rule  and  dealing  with  these 
exceptions is a subject we will attend to in 
future researches. 
Following  the  quantification  of  the  results 
from phase 1, we constructed a network, rep-
resented graphically by an undirected graph. 
In the case of the graph, the nodes are repre-106    Informatica Economică vol. 17, no. 1/2013 
 
sented by tags and their dimensions are di-
rectly  proportionate  to  the  frequency  with 
which  they  appear  in  the  labeling  of  texts 
within the system. The connections between 
tags  are  represented  by  the  edges  labeled 
with the value produced by the calculation of 
similarity,                   between    and   .
 
 
Fig. 4. Representing the graph in *.paj format 
 
For the connections’ graphic representation, 
we have created an export module within the 
system  implemented on  intelepciune.ro  that 
extracts useful data and generates a *.paj file. 
This is a special format which contains the 
graph’s representation and which can be im-
ported to an analysis program for social net-
works. The structure of the generated file can 
be observed in Figure 4.  
In  the  following  we  have  put  together  the 
graph’s representation based on the Kamada-
Kawai  algorythm,  employing  the  option  to 
draw  the  disconnected  components.  Other 
possible  representations  based  on  the Informatica Economică vol. 17, no. 1/2013    107 
 
Kamada-Kawai  algorithm  could  have  been 
made by setting the centroid in the middle or 
fixing the first and last nodes. As an alterna-
tive to the Kamada-Kawai algorithm we have 
the Fruchterman-Reingold algorithm, with a 
2D  or  3D  representation  option.
 
 
 
Fig. 5. Visualizing the relevant connections between tags, phase 1 
 
In  Figure  5  we  can  observe  that  the  most 
popular tag is life, followed by love and the 
strongest connection is between affection and 
love. We can also see that the love tag is the 
central node in this network.  
The  graph  in  Figure  6  is  the  result  of  the 
quantification of the results from phase 2. In 
putting together this graph the same method-
ology used in the drawing of the graph from 
phase one was employed. As such, it can be 
seen that the most popular tag is  love, fol-
lowed by affection and life, and the strongest 
connection remains that between love and af-
fection.  Furthermore,  we  observe  that  the 
love tag remains the central node in this net-
work as well. One other thing that can be ob-
served is the fact that together with the sys-
tem’s maturing, a part of the existing connec-
tions between the most popular tags lose their 
intensity. 108    Informatica Economică vol. 17, no. 1/2013 
 
 
Fig. 6. Visualizing the relevant connections between tags, phase 2 
 
Representing  tags  and  the  connections  be-
tween them in the form of a graph and apply-
ing  the  specific  methodology  in  analyzing 
networks  can  provide  important  aspects  re-
ferring  to  the  way  in  which  users  attribute 
tags, as well as the way in which certain se-
mantic  structures  within  the  collaborative 
tagging systems appear. In his paper, Free-
man [2] stresses the idea that everyone agrees 
with:  centrality  is  an  especially  important 
structural attribute of social networks. One of 
the given measures for calculating centrality 
is the degree of normalized centrality   
      
of a node that has its formula presented on-
wards  and  which  we  have  adapted  to  our 
case: 
  
       
          
 
   
     
 
In this formula,          represents the num-
ber of tags adjacent to the    tag and   repre-
sents the number of tags present within the 
graph.  
The evolution of the degree of centrality and 
of the market share for the most popular tags 
can be seen in Table 2. These measures help 
us in identifying the dominant tags and hav-
ing a global view of their popularity and in-
fluence within the system. The market share 
in this case represents the proportion of the 
total tags held by a certain tag. In the table, 
     represents  the  market  share  calculated 
according  to  centrality  and       represents 
the market share calculated according to the 
popularity of tags amongst users. The result-
ed values are calculated for the entire domain 
of thirty tags, but for exemplification purpos-
es, only the first ten have been shown in the Informatica Economică vol. 17, no. 1/2013    109 
 
table. The recordings in the table are orga-
nized by the tag’s degree of centrality calcu-
lated according to the data extracted in the 
second phase. 
 
Table 2. The evolution of the degree of centrality and the market share for tags 
 
  
                
Tag  Ph. 1  Ph. 2  Evol.  Ph. 1  Ph. 2  Evol.  Ph. 1  Ph. 2  Evol. 
love  0.552  0.586  0.034  0.182  0.193  0.011  0.129  0.155  0.026 
affection  0.483  0.345  -0.138  0.159  0.114  -0.045  0.113  0.131  0.018 
miss  0.138  0.310  0.172  0.045  0.102  0.057  0.034  0.055  0.021 
life  0.345  0.207  -0.138  0.114  0.068  -0.045  0.146  0.115  -0.031 
thoughts  0.069  0.172  0.103  0.023  0.057  0.034  0.034  0.037  0.003 
pain  0.069  0.138  0.069  0.023  0.045  0.023  0.018  0.028  0.010 
memories  0.069  0.138  0.069  0.023  0.045  0.023  0.016  0.018  0.002 
soul  0.069  0.103  0.034  0.023  0.034  0.011  0.031  0.036  0.005 
dreams  0.103  0.103  0.000  0.034  0.034  0.000  0.019  0.028  0.009 
sadness  0.172  0.103  -0.069  0.057  0.034  -0.023  0.034  0.036  0.001 
 
It is interesting to observe that the result of 
the market share differs depending on the en-
try data used. For example, in the cases of the 
tags miss and life the difference between the 
two market shares differs substantially. In the 
case of the miss tag, we have high values for 
phase 2 in   
      = 0.310 and     = 0.102 
and  a  greatly  reduced  value  for       = 
0.0055. This indicates that this is a tag with a 
strong influence on the other tags, but with a 
reduced popularity in what concerns its use 
in text labeling. Unlike the tag miss, life is an 
especially popular tag in labeling texts, but 
with  a  reduced  influence  on  other  tags,  a 
claim sustained by the      value of 0.068, 
much lower than the     value of 0.115. 
Collaborative tagging and tags offer semantic 
information  on  labeled  resources,  on  user 
preferences and their evolution in time. Due 
to the fact that they sum up user associations, 
they can be used in constructing recommen-
dation systems for tags, resources and users. 
One example can be the case in which a user 
executes a search following a tag and the sys-
tem can supply him with a list of the most 
similar tags for the respective search. Like-
wise, at the moment in which a user wishes 
to publish a text and finishes filling out the 
textbox for the first tag, the system can au-
tomatically  fill  in  the  other  four  textboxes 
with tags similar to the imputed one. This can 
lead to a notable increase in usability of the 
form used for text insertion and brings with 
itself  a  series  of  advantages.  Among  them, 
we would mention the easing of the manual 
labeling  process,  eliminating  spelling  mis-
takes which may arise and increasing usabil-
ity. The recommendation based on extracting 
similarities  between  tags  which  have  been 
used together by the community works very 
well  regarding  users,  as  well  as  new  re-
sources in the system. 
In Table 3 we have simulated, for exemplifi-
cation  purposes,  a  number  of  five  recom-
mendations for four of the most popular tags 
extracted within the experiment. The recom-
mendation lists were made based on the data 
produced  as  a  result  of  applying  the  three 
formulas for calculating similarity presented 
above:                  ,                  and 
             .  We  can  see  that  the  recom-
mendations  resulted  from  applying 
                   and                    are 
equivalent, but differ from the other results 
following  the  use  of  the  similarity  formula 
             .
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Table 3. Simulating some recommendations for the most popular tags 
                                                   
love 
affection - 1.000  affection - 0.01303  miss - 0.192 
miss - 0.770  miss - 0.01005  affection - 0.161 
hope - 0.300  hope - 0.00391  desire - 0.114 
pain - 0.270  pain - 0.00354  hope - 0.104 
desire - 0.270  desire - 0.00354  pain - 0.094 
life 
love - 0.240  love - 0.00316  death - 0.086 
death - 0.210  death - 0.00279  human - 0.082 
hope - 0.190  hope - 0.00242  hope - 0.074 
affection - 0.160  affection - 0.00205  time - 0.072 
time - 0.140  time - 0.00186  love - 0.041 
affection 
love - 1.000  love - 0.01303  love - 0.161 
miss - 0.490  miss - 0.00633  miss - 0.131 
desire - 0.200  desire - 0.00261  desire - 0.092 
life - 0.160  life - 0.00205  friendship - 0.059 
dream - 0.130  dream - 0.00167  dream - 0.048 
miss 
love - 0.770  love - 0.01005  love - 0.192 
affection - 0.490  affection - 0.00633  thoughts - 0.168 
thoughts - 0.330  thoughts - 0.00428  affection - 0.131 
memories - 0.140  memories - 0.00186  dreams - 0.108 
dreams - 0.130  dreams - 0.00167  memories - 0.103 
 
Based on the tags users associate to the con-
tent, a personalized search and content rec-
ommendation system can be built. One such 
system can supply personalized content tak-
ing into account a document’s taxonomy as 
well as the social information collected from 
users. 
 
5 Conclusions 
The  research  carried  out  in  this  article  is 
based on the data collected within the social 
tagging system developed and implemented 
on Întelepciune.ro. Following the analysis of 
collective intelligence concerning the way in 
which community members associate differ-
ent  tags,  we  have  observed  that  with  time, 
connections  between  tags  are  outlined. 
Moreover,  connections  between  tags  are 
maintained and become more stable with the 
passage of time. The results obtained have a 
high degree of similarity towards all calcula-
tion formulas that were identified and used. 
Therefore, we can assert that the calculated 
degree of similarity between tags can be used 
in building recommender systems. These will 
be  qualified  to  recommend  tags,  resources 
and users. Likewise, we consider that social 
annotation by means of tags can offer a con-
textual  extension  to  any  recommender  sys-
tem. 
As a result of the representation of tags and 
the connections between them as a graph, we 
have  applied  the  network  analysis  specific 
methodology. By studying different measures 
such as centrality, the market share and the 
market  share  depending  on  centrality,  we 
managed to have a global vision on the tag-
ging  network.  We  thus  managed  to  extract 
information referring to tag popularity, their 
influence within the network and the extent 
to which a tag depends upon another. By ana-
lyzing the way in which users attribute tags 
we managed to determine different semantic 
structures within the social tagging network Informatica Economică vol. 17, no. 1/2013    111 
 
and see their evolution at different times. 
For  the  future,  we  aim  to  continue  the  re-
search  from  [10]  towards  improving  the 
model through integration of a recommender 
system that uses tags. This way, we will be 
able to identify experts and trustworthy con-
tent by different categories of interest. We al-
so wish to bring to fruition a hybridization 
through aggregation with the system, based 
on extracting association rules from naviga-
tion sessions, as proposed in  [12]. We will 
thereby orient our research towards proposi-
tioning a hybrid system whose aim will be to 
solve the problems present in classic recom-
mender systems. 
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